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1. Biohydrogen is a critical pillar supporting global energy
transition

Driven by global carbon-neutrality targets, hydrogen is emerg-
ing as the prime decarbonization vector for hard-to-electrify sec-
tors such as heavy industry, long-distance transportation, and
chemical raw-material production (International Energy Agency)
[1]. Global hydrogen demand is expected to expand from less than 
90 million tonnes in 2020 to 530 million tonnes by 2050 [2]. By 
2060, diversified hydrogen-production methods could reduce car-
bon emissions by up to 96 %, giving hydrogen a decisive advantage
over fossil fuels [3]. However, high compression and liquefaction 
energy costs, limited infrastructure, safety and regulatory gaps, 
and price barriers continue to impede the large-scale adoption of
hydrogen-based energy [4,5]. Nonetheless, as nations pursue 
energy independence and sustainable growth, green hydrogen 
has emerged as a pivotal element in renewable energy integration, 
innovation, and global competitiveness. In 2024, the United States 
(US) Department of Energy released an updated Hydrogen Program 
Plan, emphasizing its commitment to advancing hydrogen tech-
nologies. Similarly, the European Union introduced a comprehen-
sive hydrogen strategy and dedicated funding mechanisms to
facilitate the development and deployment of green hydrogen
across production, transport, storage, and utilization.

Concurrently, China designated green hydrogen as a strategic 
focus in its 2024 Energy Law, undersco ring its role as a founda-
tional asset in the country’s energy transition [6,7]. China’s Hydro-
gen Industry Development Plan (2021–2035) explicitly outlines 
the construction of a process chain for the production, storage, 
and application of green hydrogen, with an emphasis on the devel-
opment of biological hydrogen-prod uction technology. Biohydro-
gen technology typically refers to the process of using
microorganisms to ferment various waste biomass feedstocks to
produce hydrogen at ambient temperature and pressure. This pro-
cess does not emit greenhouse gases and avoids the tar and ash 
byproducts that may be generated in gasification-based hydrogen 
production, aligning it more closely with green and sustainable
development. Thus, it is also known as ‘‘green hydrogen” [8]. In 
recent years, biohydrogen has gradually developed into two main 
technical pathways centered on hydrogen production using
whole-cell microorganisms and in vitro synthetic enzymatic
biosystems [9,10]. 

Biohydrogen production can be classified into bio-photolysis, 
photo-fermentation, dark fermentation, and coupled fermentation, 
depending on the types of microorganisms and processes involved. 
Photo-fermentation and bio-photolysis depend on external light 
sources and complex reactors, and microbial electrolysis cells
require an external voltage and special electrode catalysts. In con-
trast, dark fermentation stands out by not needing additional
energy inputs, whether light or electricity [11]. Dark-fermentation 
technology has thus become a key pathway for energy recovery 
from organic waste due to its advantages of continuous and stable
hydrogen production efficiency and the availability of a wide array
of potential raw materials (including non-grain biomass, e.g.,
straw) [12]. 
2. Challenges in scaling up biohydrogen production

The large-scale production of hydrogen using organic waste 
through microbial processes presents multiple technical chal-
lenges. First, the pretreatment of substrates is highly challenging. 
The natural recalcitrance of specific biomolecules, such as lignocel-
lulose, to degrade in multi-component organic waste requires the 
use of energy-intensive pretreatment processes that can account 
for 30 %–40 % of total production costs. Second, significant carbon
catabolite repression (CCR) effects exist. During the utilization of
mixed sugars, substrate competition caused by priority conflicts
leads to inhibitory effects, namely that microorganisms preferen-
tially consume simple sugars like glucose, which represses the
metabolism of complex sugars. This results in an accumulation of
reducing power (NADH) in the microorganisms, which suppresses
eering,
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hydrogenase activity and causes system acidification [13,14]. 
Third, due to the lack of functional redundancy, the ecological 
niches of key hydrogen-producing microorganisms are easily occu-
pied by acid- and methane-producing microorganisms instead,
leading to short fermentation cycles and considerable fluctuations
in hydrogen yield [15]. Furthermore, gas–liquid mass transfer lim-
itations and the accumulation of volatile fatty acids can lead to pH 
imbalance during the scale-up process. The lack of applicable
dynamic control models also hinders the scale-up of hydrogen-
production processes [16]. 

2.1. Metabolic bottlenecks in biohydrogen production

Dark fermentation for hydrogen production primarily originates 
from the production of pyruvate via glycolysis (the EMP pathway)
[17]. Under anaerobic conditions, pyruvate is converted to acetyl-
CoA by pyruvate ferredoxin oxidoreductase (PFOR), releasing 
hydrogen (H2) and carbon dioxide (CO2), and reducing power 
(NADH/ferredoxin) is utilized by nickel (Ni)-iron (Fe) hydrogenase 
(or Fe hydrogenase) to produce molecular hydrogen. If the final 
product is acetate, the theoretical maximum hydrogen yield is 
4 mol H2/mol glucose (C6H12O6+2H2O→2CH3COOH+2CO2+4H2),
while the butyrate pathway yields only 2 mol H2/mol glucose (C6-
H12O6→CH3CH2CH2COOH+2CO2+2H2) (Fig. 1). In practice, although 
the acetate pathway produces more adenosine triphosphate (ATP) 
(4 mol ATP/mol glucose), the increased energy flux can suppress 
hydrogenase activity, and the need to sustain microbial growth
further reduces the practical hydrogen yield to just 40 %–60 % of
the theoretical maximum [18–20]. 

2.2. Technological paradigm innovation driven by metabolic-
regulation bottlenecks and scale-up challenges

The efficiency loss in the dark-fermentation hydrogen-produc-
tion pathway stems from the multidimensional regulatory com-
plexity of microbial substrate utilization, energy allocation, and 
community interactions. It is difficult to use traditional fermenta-
tion parameter optimization to comprehensively analyze dynamic 
networks such as NADH/ATP balance and interspecies electron
transfer; thus, butyrate pathway regulation becomes a bottleneck.
Additionally, the lack of microbial community robustness stems
from nonlinear issues such as cross-species metabolic interactions
Fig. 1. Metabolic pathways of hydrogen
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and environmental stresses, which exceed the problem-solving 
capacity of existing trial-and-error approaches. These regulatory 
challenges are particularly problematic in scenarios involving
large-scale hydrogen production from waste biomass [21–23]. 

In the process of scaling up hydrogen production through the 
fermentation of waste biomass, several systemic technical chal-
lenges have arisen due to the complexity of raw material composi-
tion, the diversity of microbial species, and the dynamic
fluctuations within metabolic networks [24]. As described earlier, 
the conflict in the metabolic prioritization between the polysac-
charide components of lignocellulose (cellulose and hemicellulose) 
and soluble sugars can trigger CCR, leading to an accumulation of 
reducing power, which inhibits hydrogenase activity and causes 
acidification. Additionally, natural anaerobic microbial systems 
typically contain diverse key microbial species. The multifaceted
interactions among these species (cooperation, inhibition, compe-
tition, resource allocation, etc) result in an extremely complex
microbial community. For example, considering just five combina-
tions of 30 species, the number of possible interactions can reach
142 500 . When higher-order interac-
tions are considered, the potential interactionsmay exceed 1 billion 
(230 –1 = 1 073 741 823). This leaves the system in a ‘‘black-box”
state, making it difficult to develop precise regulatory models
[12,25,26]. 

Traditional empirical trial-and-error approaches to biohydrogen 
production are constrained by spatiotemporal limitations and reg-
ulatory uncertainty, hindering the efficient resolution of microbial 
metabolic bottlenecks. More specifically, static parameter opti-
mization in laboratory settings cannot effectively simulate the 
complex mass transfer dynamics within scaled-up reactors, while 
single-omics data fail to elucidate the coupled mechanisms of
energy allocation and interspecies electron transfer. Therefore,
the biohydrogen industry faces significant scientific hurdles
beyond cost, including maximizing the utilization of mixed sugars,
overcoming metabolic barriers, minimizing byproduct formation,
and mitigating carbon source competition to increase hydrogen
yield [27,28]. Addressing these challenges requires advancements 
across diverse areas, including understanding hydrogen-produc-
tion mechanisms, identifying robust microbial strains, engineering 
microbial communities, refining process controls, integrating tech-
nologies, and optimizing overall system design. Therefore, the
application of machine learning (ML) and synthetic biology holds
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considerable promise for elucidating underlying biological pro-
cesses and stabilizing microbial consortia to improve biohydrogen
production efficiency.

3. Scientific breakthrough opportunities in the convergence of 
artificial intelligence (AI) and biotechnology

3.1. AI for biohydrogen

AI is fundamentally reshaping biomanufacturing by transition-
ing complex biological systems from experience-based practices
to quantifiable and predictable engineering design paradigms
[29]. This transformation centers on AI-driven approaches that 
enable the rational design of stable microbial ecosystems. The inte-
gration of ML with genome-scale metabolic models (GEMs) facili-
tates comprehensive, multiscale metabolic analyses that can
reveal the intricate coupling between metabolic networks, energy
allocation, and genetic regulation [30]. Given the significant non-
linear interactions within complex microbial communities, nonlin-
ear dimensionality-reduction methods such as uniform manifold 
approximation and projection (UMAP) and t-distributed stochastic 
neighbor embedding (t-SNE) are essential for revealing underlying
relationships. These techniques effectively reduce high-dimen-
sional ecological data to lower dimensions, thereby facilitating
the identification of community structures and interspecies inter-
actions [31]. However, their limited capacity to preserve global 
data structures and their sensitivity to parameter selection may 
result in the oversimplification or loss of certain nuanced—yet crit-
ical—features of microbial interactions [32]. To increase biological 
interpretability, it is advisable to integrate high-throughput exper-
imental data and constrain dimensionality-reduction models using
actual community metabolic activity [33], thereby enabling a more 
accurate reflection of microbial dynamics and interaction mecha-
nisms. Finally, diffusion models overcome the limitations of tradi-
tional generalized Lotka–Volterra (gLV) models, allowing for the 
simulation of single-cell metabolic noise and the prediction of
higher-order network effects. In this way, they facilitate the predic-
tion of the emergence of dynamic interactions [34]. 

3.2. Biotechnology for biohydrogen

Most existing metabolic engineering focuses on the genetic 
modification of strains to optimize metabolic flux [35]. AI-based 
bioreactor control systems can dynamically adjust operational 
parameters, significantly increasing process throughput and repro-
ducibility. However, these systems still rely on manual monitoring
and have limited capability to analyze complex microbial consortia
[36]. Efficient hydrogen-producing Clostridium species are mostly 
Gram-positive anaerobes, which are difficult to genetically edit. 
Moreover, whether simple or complex substrates are used, micro-
bial consortia are more efficient and stable than pure cultures in 
hydrogen production. Through the biotechnological manipulation
of microbial communities, synthetic ecology is advancing beyond
traditional gene editing, enabling precise functional control via
the rewiring of metabolic interaction networks [37]. This innova-
tive paradigm relies on a multi-tiered technological approach. For 
instance, non-linear dynamic models optimize community stabil-
ity and niche adaptation. This facilitates the creation of communi-
ties with specific functions, with examples including hCom2 and
phyllosphere consortia [38,39]. Furthermore, the integration of 
competition mechanisms and environmental controls—such as 
metabolic stress selectors for suppressing undesirable species—in
synthetic microbial communities (SynCom) enables the effective
modulation of interspecies competition–cooperation [40]. 

Design-test-learn (DTL) cycles, coupled with reinforcement 
learning algorithms, also play a vital role by creating adaptive
3

experimental feedback loops. These loops dynamically adjust the 
media composition based on experimental deviations, achieving
real-time control over community diversity [41]. This AI-driven 
metabolic prediction, combined with biotechnologically con-
structed synthetic communities, can reveal key principles for 
designing microbial ecosystems. These principles involve precise 
targeting of the core species that drive ecosystem function; they 
also encompass reshaping of interspecies matter and energy-
exchange networks. Ultimately, this integrated approach trans-
forms unpredictable natural communities into quantitatively con-
trollable engineered systems, realizing the goal of programmable
microbial ecosystems by simplifying complex natural communities
into designable, simplified systems.
4. AI and biotechnology for biohydrogen microbiota design

Systematic analysis of metabolic bottlenecks is crucial for the 
transition of biological hydrogen-production technology from 
empirical optimization to digital design. To this end, we propose
an innovative research paradigm that progresses from digital cells
to digital microbial communities and, ultimately, to a digital sys-
tem (Fig. 2). This approach constructs digital cells by integrating 
multiomics data with thermodynamic and enzymatic constraints
into mathematical models describing cellular metabolism and reg-
ulatory pathways [42,43]. It combines AI techniques for dimen-
sionality reduction and functional prediction of complex 
microbial interactions with biotechnolo gies such as high-through-
put screening and directed metabolic network remodeling [13], 
enabling the design of simplified, efficient, and stable hydrogen-
producing microbial communities without the use of extensive
genetic editing.

However, extending digital cells to digital microbial communi-
ties presents significant challenges: Nonlinear interactions at the 
microbial level, spatiotemporal dynamic resource allocation, and 
ecosystem responses cannot be accurately modeled by the simple 
superposition of single-cell digital representations. Addressing 
these challenges require the resolution of two core scientific 
issues: comprehensively understanding cross-scale regulatory
mechanisms, from local metabolic reactions to holistic functions;
and balancing robustness thresholds against functional fidelity in
dimensionality reduction and the reconstruction of complex
ecosystems. These issues must be resolved to enable the predictive
modeling and effective manipulation of complex microbial
communities.

Research on biohydrogen production must be explored in depth 
at the levels of both AI and biotechnology (BT) (Fig. 3(a)). First, for 
AI-driven multi-level modeling, it is necessary to overcome the 
limitations of single-species genome-scale metabolic models 
(GEMs) and develop cross-scale models of metabolic interactions 
within microbial communities. This would entail the integration 
of enzymatic kinetics properties, thermodynamic constraints, and 
interspecies interaction network topologies to deeply analyze the 
energy-distribution patterns of core hydrogen-producing microor-
ganisms within carbon metabolic flux and to uncover their central 
mechanisms in community responses. Additionally, through a 
comprehensive dynamic analysis of carbon metabolic flux distribu-
tion between microbial communities, inter-species electron trans-
fer, and environmental response coupling mechanisms, we can
construct multi-modal digital microbial community models. Com-
pared with currently established platforms (e.g., COMETS, BacAr-
ena), a multi-modal digital framework would provide multiple
technological advantages: It would use federated learning to inte-
grate multi-source data, accelerating the development of micro-
biota. By coupling metabolic flux data with experimental
outcomes, it would support the simultaneous refinement of both
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Fig. 2. AI- and biotechnology (BT)-based revelation of the black-box model for biological hydrogen-producing microbial communities.
parameter values and model architectures [44,45]. Furthermore, 
the incorporation of an AI-integrated life-cycle assessment (LCA) 
feedback mechanism would enable the real-time optimization of 
hydrogen-production efficiency and key environmental indicators. 
This would enable the virtual screening of microbial combinations
on a mega-scale (reaching millions of simulations) and the predic-
tion of functional emergence.

Second, regarding BT-driven microbial community reconstruc-
tion, we should achieve the engineered simplification of complex 
microbial consortia without relying on genetic editing. This
approach has been validated in various fields, such as in the gut
microbiota of humans and animals [38], in soil and plant micro-
biomes [39,46,47], and in the fermentation processes of foods such 
as kimchi, soy sauce, and dairy products [48,49]. Through high-
throughput, automated, large-scale facilities, combined with the 
directed remodeling of metabolic interaction networks and their 
adaptation to ecological niche mechanisms, an iterative optimiza-
tion closed-loop design between digital microbial community 
models and high-throughput experiments can be realized. The ulti-
mate objective is to design simplified hydrogen-producing micro-
bial consortia (containing 2–5 species) that exhibit both high
efficiency (exceeding 60 % of the theoretical yield) and robust per-
formance, which would then be validated by real-world perfor-
mance assessment.

Although AI–BT systems require substantial upfront invest-
ment, precise process optimization can systematically reduce core 
costs such as raw material consumption, energy demand, and
maintenance, while improving substrate conversion rates and
hydrogen yields [50]. This will enable predictive maintenance 
and intelligent process control, significantly increasing production 
stability and reducing operational risks. Using SimaPro 10.1 soft-
ware, the Ecoinvent 3.10 and Agri-footprint databases, and rele-
vant data from the literature [51–54], we conducted an LCA to 
compare conventional dark-fermentation hydrogen production 
with a bio-design digital twin system integrating AI and BT
(Fig. 3(b)). The results showed that the AI-based biocomputing unit 
could reduce hydrogen-production costs to below 3.5 USD kg−1 , 
meeting leading market standards. Carbon emissions could also 
be decreased by 400 %, demonstrating that AI–BT can act as a neg-
ative carbon technology and promote the industrial application of
dark-fermentation hydrogen production.

To address technical bottlenecks such as limited AI computing 
resources and inadequate automation infrastructure, several tar-
4

geted strategies can be implemented. Utilizing cloud platforms 
for high-throughput data analysis, in conjunction with open-
source automation tools, can accelerate digital microbiome model-
ing and process optimization. Further cost reductions can be 
achieved by sharing hydrogen-producing strain patents through 
international collaborations, as well as by deploying affordable
in situ sensors within bioreactors for real-time monitoring. Addi-
tionally, adopting edge computing can allow for the local, intelli-
gent processing of bioprocess data, enabling timely interventions
and efficient system optimization.

For the high-throughput screening and targeted remodeling of 
complex waste microbiota, the technical path should be optimized 
in combination with the microbiota characteristics. Although the 
microbiota of waste is highly heterogeneous, screening complexity
can be significantly reduced by leveraging AI-driven functional
dimensionality reduction and metabolic network regulation
[55,56]. In addition, non-gene-editing BT can purposefully enrich 
functional strains, avoiding the limitations of genetic modification. 
Although waste pretreatment and the fluctuation of waste compo-
sition remain challenging, digital design has significantly short-
ened the traditional trial-and-error cycle, providing a new path
for large-scale application [57]. 

While synthetic biology relies on AI to accelerate the design-
build-test-learn cycle, there are several limitations to be 
addressed. AI can improve strain-screening efficiency, but it has
yet to generate groundbreaking new functionalities [58]. Signifi-
cant obstacles remain in integrating AI with BT, including the 
scarcity of high-quality labeled data and incomplete data engi-
neering [59]; insufficient robustness of mainstream algorithms 
for omics data [60]; and the failure of traditional metrics to accu-
rately capture biological system complexity, limiting model gen-
eralization and biological interpretability [61]. AI-driven digital 
twin technology depends heavily on high-throughput data, 
automated platforms, and dynamic process control, yet existing 
systems mostly remain at the stage of offline simulation,
lacking real-time monitoring and adaptive regulation capabilities
[62–64]. 

Regarding the scale-up of complex processes, such as dark-fer-
mentation biological hydrogen production, many challenges 
remain, including inhibitor accumulation, non-sterile environ-
ments, substrate pretreatment methods, complex waste types,
and oxygen control—all of which can affect the stability of micro-
bial communities and lead to ecological drift [15].
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Fig. 3. Strategic roadmap for digitally designing biohydrogen-producing microbiota powered by AI and BT. (a) Key innovations and highlights of AI- and BT-enabled 
microbiota design for hydrogen production; (b) LCA and techno-economic analysis of the digital design process. SUM: summary of total CO2 emmision; HTS: high throughput
screening; LCA: life-circle assessment; TEA: techno–economic analysis.
Given the controllability of a simple bacterial community, pre-
cise amplification of the fermentation process can be achieved 
through the following methods: ① integration of the reactor flow 
field and cell metabolic kinetics; ② capture of intracellular 
metabolite concentrations within reactor cells; and ③ tracking of
bacterial metabolic regulation patterns through optimization of
the flow field and the simple bacterial community metabolic
model. However, current high-throughput screening and robotic
platforms struggle to meet demands for large-scale engineered
strain screening and efficient selection [65–68]. Although ecologi-
cal drift can be partially mitigated through functional redundancy 
and precise control of microbial community succession, the techni-
cal realization of single-cell-level automatic feedback screening
5

remains elusive [69]. Overall, AI holds broad application prospects 
in areas such as sustainable manufacturing, but its translation from 
theory to real-world application has not yet been achieved. This
remains a critical challenge in constructing digital consortia and
scaling processes for dark-fermentative biohydrogen production.
5. Outlook 

The challenge of controlling microbial ecosystem complexity 
lies in how to connect gene networks and community function to 
achieve accurate design across multiple levels. To this end, efforts
are being directed toward AI and BT, and the theoretical framework



Q. Liu, S. Gao, Y. Hou et al. Engineering xxx (xxxx) xxx
of digital flora is being explored, with the goal of establishing the-
oretical systems of microbial ecosystem programmability (i.e., 
mathematical flora). Our goal is to move the study of functional 
flora from the traditional trial-and-error model to a new paradigm 
based on digital design. Through AI-driven metabolic interaction 
dimensionality-reduction analysis, combined with BT-supported 
microbiota controllable-reconstruction technology, the nonlinear 
coupling relationship between gene regulation and microbiota 
interaction is being decoupled, breaking the unpredictable bottle-
neck of natural mixed microbial systems and building a scientific 
bridge from molecular mechanism to microbiota design. This tech-
nical route can not only answer the key scientific question of how
local metabolic reactions achieve a global function; it can also
break the black-box state in the field of biological hydrogen pro-
duction at the industrial level. A programmable ecosystem—span-
ning from genes to flora and from flora to biological processes—is
being constructed to lay a theoretical and technical foundation
for the intelligent regulation of biological hydrogen production at
scale.
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